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Given an m×n matrix A and a positive integer k, we describe a randomized procedure for
the approximation of A with a matrix Z of rank k. The procedure relies on applying AT to
a collection of l random vectors, where l is an integer equal to or slightly greater than k;
the scheme is eﬃcient whenever A and AT can be applied rapidly to arbitrary vectors. The
discrepancy between A and Z is of the same order as
√
lm times the (k + 1)st greatest
singular value σk+1 of A, with negligible probability of even moderately large deviations.
The actual estimates derived in the paper are fairly complicated, but are simpler when
l−k is a ﬁxed small nonnegative integer. For example, according to one of our estimates for
l−k = 20, the probability that the spectral norm ‖A− Z‖ is greater than 10√(k + 20)mσk+1
is less than 10−17. The paper contains a number of estimates for ‖A − Z‖, including
several that are stronger (but more detailed) than the preceding example; some of the
estimates are effectively independent of m. Thus, given a matrix A of limited numerical
rank, such that both A and AT can be applied rapidly to arbitrary vectors, the scheme
provides a simple, eﬃcient means for constructing an accurate approximation to a singular
value decomposition of A. Furthermore, the algorithm presented here operates reliably
independently of the structure of the matrix A. The results are illustrated via several
numerical examples.
© 2010 Elsevier Inc. All rights reserved.
1. Introduction
In many practical circumstances, it is desirable to approximate a matrix A with a sum of rank-1 matrices. Such an
approximation of A often facilitates understanding of the properties of A. Moreover, if the approximation involves only a
small number of rank-1 matrices, then the approximation also facilitates rapid calculations involving A.
There are at least two classical forms of such matrix approximations. One is an approximation to a singular value de-
composition (SVD), which is known in the statistical literature as a principal component analysis (PCA). The other is an
approximation obtained via subset selection; we will refer to the matrix representation obtained via subset selection as an
interpolative decomposition. These two types of matrix approximations are deﬁned as follows.
An approximation to an SVD of a real m×n matrix A consists of nonnegative real numbers σ1, σ2, . . . , σk−1, σk known as
singular values, orthonormal real m× 1 column vectors u1,u2, . . . ,uk−1,uk known as left singular vectors, and orthonormal
real n × 1 column vectors v1, v2, . . . , vk−1, vk known as right singular vectors, such that
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k∑
j=1
u jσ j
(
v j
)T∥∥∥∥∥ δ, (1)
where k, m, and n are positive integers with k < m and k < n, δ is a positive real number specifying the precision of the
approximation, and, for any matrix B , ‖B‖ denotes the spectral (l2-operator) norm of B , that is, ‖B‖ is the greatest singular
value of B . An approximation to an SVD of A is often written in the equivalent form
∥∥A − UΣV T∥∥ δ, (2)
where U is a real m × k matrix whose columns are orthonormal, V is a real n × k matrix whose columns are orthonormal,
and Σ is a real k× k matrix whose entries are all nonnegative and whose entries off of the main diagonal are zero. See, for
example, [15] for a discussion of SVDs.
An interpolative decomposition of a real m × n matrix A consists of a real m × k matrix B whose columns constitute a
subset of the columns of A, and a real k × n matrix P , such that
1. some subset of the columns of P makes up the k × k identity matrix,
2. no entry of P has an absolute value greater than 2, and
3. A = BP .
See, for example, [5,8,12,18], or Sections 4 and 5 of [3] for a discussion of interpolative decompositions.
Given an algorithm permitting the fast application of a numerically low-rank matrix A, and an algorithm permitting
the fast application of AT, the algorithm of the present paper provides a simple, eﬃcient way for computing an accurate
approximation to an SVD of A. Moreover, the algorithm provides a similar method for computing an accurate approximation
to an interpolative decomposition of A under the same conditions.
Our scheme also provides an eﬃcient, robust means for approximating the k greatest singular values and corresponding
singular vectors of any matrix A for which a representation enabling the fast application of both A and AT is available.
The precision δ of the resulting approximation given by formula (2) is at most a reasonably small multiple of the (k + 1)st
greatest singular value of A.
The algorithm of the present paper is a randomized one, and fails with a rather negligible probability. Examples of the
probabilities involved can be found in (111) and (124) in Section 5 below.
Some potential applications of the algorithm include ﬁnding the eigenmodes of certain networks, mining digital docu-
ments for information via latent semantic analysis, simplifying the implementation of algorithms for fast matrix inversion
that are based on the compression of blocks within matrices, and improving condition number estimation and subspace
determination algorithms that are based on inverse iteration or other iterative methods.
Accelerating the approximation of matrices which can be applied rapidly has been a popular topic of recent papers. [17]
and [1] design deterministic algorithms for the low-rank approximation of sparse matrices. Referring the reader to [16] for
a detailed survey of the extensive literature on randomized algorithms, we observe that several recent articles introduce
algorithms which, given any positive integer k, produce an approximation Z to the matrix A such that
‖A − Z‖F  (1+ ε)‖A − Zoptimal‖F, (3)
where ε  1 is an arbitrarily small positive real number, ‖A− Z‖F is the Frobenius norm of A− Z , and Zoptimal is the rank-k
matrix for which ‖A − Zoptimal‖F is minimal, where ‖A − Zoptimal‖F is the Frobenius norm of A − Zoptimal. [16] reports that
the most eﬃcient algorithms with proven bounds of the type (3) have worst-case costs of
CDk/ε log2
(
1
p
)
(4)
ﬂoating-point operations, where D is an (unspeciﬁed, but probably computable) universal constant, k is the rank of the
approximation Zoptimal to A, ε is the positive real number in (3), p is the probability that the algorithm fails, and
CDk/ε = k · CA + (Dk/ε) · CAT + E ·
(
k2m + (Dk/ε)2n), (5)
where CA is the cost of applying the real m × n matrix A to a real n × 1 column vector, CAT is the cost of applying AT to a
real m × 1 column vector, and E is a reasonably small positive real number.
The present paper describes an algorithm which, given any positive integer k, costs
Cl = k · CA + l · CAT + E ·
(
k2m + l2n) (6)
ﬂoating-point operations, where again CA is the cost of applying the real m × n matrix A to a real n × 1 column vector,
CAT is the cost of applying A
T to a real m × 1 column vector, E is a reasonably small positive real number, and l is a
user-speciﬁed integer greater than or equal to k (for example, l = k + 8 or l = k + 20). The algorithm produces a rank-k
approximation Z to the m × n matrix A such that
P.-G. Martinsson et al. / Appl. Comput. Harmon. Anal. 30 (2011) 47–68 49‖A − Z‖ 10√lm‖A − Zoptimal‖ (7)
with probability not less than 1−q(l−k) (independent of the structure of the matrix A), where ‖A− Z‖ is the spectral norm
of A − Z , Zoptimal is the rank-k matrix for which the spectral norm ‖A − Zoptimal‖ is minimal, and q is a complicated but
rapidly decaying function — for example, q(8) < 10−5 and q(20) < 10−17. The present article also provides several bounds
other than (7), some of which are effectively independent of m.
Thus, we focus on minimizing costs, while still attaining accuracy of roughly the order of that attained by the best
possible rank-k approximation. It should also be pointed out that the algorithm of the present article is very similar to the
algorithms of [14] and [16], though our analysis is quite different.
We do not analyze in detail the effects of round-off upon the algorithm of the present paper. However, most of the
bounds that we discuss have ﬁnite-precision analogues. This is conﬁrmed by both our preliminary analysis and our numeri-
cal experiments (some of which are described in Section 6 below). For simplicity, we discuss only real matrices; the analysis
below extends easily to the complex case. The technical report version of the present article is [13].
The present paper has the following structure: Section 2 introduces the algorithm from a heuristic point of view. Sec-
tion 3 collects together various known facts which later sections utilize. Section 4 provides the principal lemmas which
Section 5 uses to construct algorithms. Section 5 describes the algorithm of the present paper, providing details about its
accuracy and computational costs. Section 6 illustrates the algorithm via several numerical examples. Section 7 presents
several conclusions about the algorithm.
2. Informal description of the algorithm
In this section, we provide a heuristic description of the algorithm for computing an approximation to an SVD. Section 5
provides a detailed description of the algorithm described intuitively in the present section, utilizing the tools described in
Sections 3 and 4.
Suppose that k, m, and n are positive integers with k <m and k < n, and A is a real m × n matrix. We will construct an
approximation to an SVD of A such that
∥∥UΣV T − A∥∥√lmσk+1, (8)
where U is a real m × k matrix whose columns are orthonormal, V is a real n × k matrix whose columns are orthonormal,
Σ is a diagonal real k × k matrix whose entries are all nonnegative, ‖UΣV T − A‖ is the spectral (l2-operator) norm of
UΣV T − A, σk+1 is the (k + 1)st greatest singular value of A, and l is a user-speciﬁed integer with l > k, such that l <m
and l < n (for example, l = k+ 20). To do so, we identify an orthonormal basis of most of the range of AT, via the following
two steps:
1. Using a random number generator, form a real m × l matrix G whose entries are i.i.d. Gaussian random variables of
zero mean and unit variance, and compute the n × l product matrix
R = ATG. (9)
2. Using an SVD, form a real n × k matrix Q whose columns are orthonormal, such that there exists a real k × l matrix S
for which
‖Q S − R‖ ρk+1, (10)
where ρk+1 is the (k + 1)st greatest singular value of R . (See Observation 3.6 for details concerning the construction of
such a matrix Q .)
Intuitively, the columns of Q in (10) constitute an orthonormal basis of most of the range of AT.
Having identiﬁed a good approximation to the range of AT, we perform some simple linear algebraic manipulations in
order to obtain a good approximation to an SVD of A, via the following three steps:
3. Compute the m × k product matrix
T = AQ . (11)
4. Form an SVD of T ,
T = UΣW T, (12)
where U is a real m×k matrix whose columns are orthonormal, W is a real k×k matrix whose columns are orthonor-
mal, and Σ is a real k×k matrix whose entries are all nonnegative and zero off of the main diagonal. (See, for example,
Chapter 8 in [7] for details concerning the construction of such an SVD.)
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V = Q W . (13)
We will prove in Section 5 that the matrices U , Σ , and V obtained via Steps 1–5 above satisfy (8). We encourage the reader
to begin with Sections 5 and 6, referring back to the relevant portions of Sections 3 and 4 as they are referenced.
3. Preliminaries from linear algebra and the theory of probability
In this section, we summarize various facts about matrices. Section 3.1 discusses the approximation of arbitrary matrices.
Section 3.2 discusses the singular values of arbitrary matrices. Section 3.3 discusses the singular values of certain random
matrices.
In the present section and throughout the rest of the paper, we employ the following notation. In accordance with the
standard practice, we will denote the base of the natural logarithm by e. We will denote an identity matrix by 1, and a
matrix whose entries are all zero by 0. For any matrix A, we deﬁne the norm ‖A‖ of A to be the spectral (l2-operator)
norm of A, that is, ‖A‖ is the greatest singular value of A. For any positive integer n, and real n × 1 column vector v ∈Rn ,
we deﬁne the norm ‖v‖ of v to be the root-sum-square (l2 norm) of the entries of v , that is,
‖v‖ =
√√√√ n∑
k=1
(vk)2, (14)
where vk is the kth entry of v . (Of course, the norm of v as viewed as a real n × 1 matrix is equal to the norm of v as
viewed as a real n × 1 column vector.)
3.1. Approximation of general matrices
The following lemma states that, for any m × n matrix A whose rank is k, where k, m, and n are positive integers, there
exist an m × k matrix B whose columns constitute a subset of the columns of A, and a k × n matrix P , such that
1. some subset of the columns of P makes up the k × k identity matrix,
2. P is not too large, and
3. BP = A.
Moreover, the lemma provides an analogous approximation BP to A when the exact rank of A is not k, but the (k + 1)st
singular value of A is nevertheless small. The lemma is a reformulation of Theorem 3.2 in [12] and Theorem 3 in [5].
Lemma 3.1. Suppose that m and n are positive integers, and A is a real m × n matrix.
Then, for any positive integer k with km and k n, there exist a real k × n matrix P , and a real m × k matrix B whose columns
constitute a subset of the columns of A, such that
1. some subset of the columns of P makes up the k × k identity matrix,
2. no entry of P has an absolute value greater than 1,
3. ‖P‖√k(n − k) + 1,
4. the least (that is, the kth greatest) singular value of P is at least 1,
5. BP = A when k =m or k = n, and
6. ‖BP − A‖√k(n − k) + 1σk+1 when k <m and k < n, where σk+1 is the (k + 1)st greatest singular value of A.
Remark 3.2. Properties 1, 2, 3, and 4 in Lemma 3.1 ensure that the interpolative decomposition BP of A is numerically
stable. Also, Property 3 follows directly from Properties 1 and 2, and Property 4 follows directly from Property 1.
Observation 3.3. Existing algorithms for computing the matrices B and P in Lemma 3.1 are computationally expensive. We
use an algorithm to produce B and P which satisfy somewhat weaker conditions than those in Lemma 3.1. We compute B
and P such that
1. some subset of the columns of P makes up the k × k identity matrix,
2. no entry of P has an absolute value greater than 2,
3. ‖P‖√4k(n − k) + 1,
4. the least (that is, the kth greatest) singular value of P is at least 1,
5. BP = A when k =m or k = n, and
6. ‖BP − A‖√4k(n − k) + 1σk+1 when k <m and k < n, where σk+1 is the (k + 1)st greatest singular value of A.
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real number C such that the algorithm computes both B and P using at most Ckmn log(n) ﬂoating-point operations. The
algorithm is based upon the Cramer rule and the ability to obtain the minimal-norm (or at least roughly minimal-norm)
solutions to linear algebraic systems of equations (see [5,11,12]).
Remark 3.4. For further discussion of interpolative decompositions, see, for example, [3,8–11,18].
The following classical lemma provides an approximation Q S to an n× l matrix R via an n×k matrix Q whose columns
are orthonormal, and a k× l matrix S . As remarked in Observation 3.6, the proof of this lemma provides a classic algorithm
for computing Q and S , given R . We include the proof since we will be using this algorithm.
Lemma 3.5. Suppose that k, l, and n are positive integers with k < l and l n, and R is a real n × l matrix.
Then, there exist a real n × k matrix Q whose columns are orthonormal, and a real k × l matrix S, such that
‖Q S − R‖ ρk+1, (15)
where ρk+1 is the (k + 1)st greatest singular value of R.
Proof. We start by forming an SVD of R ,
R = UΣV T, (16)
where U is a real n × l matrix whose columns are orthonormal, V is a real l × l matrix whose columns are orthonormal,
and Σ is a real l × l matrix whose entries are nonnegative everywhere and zero off of the main diagonal, such that
Σ j, j = ρ j (17)
for all j = 1,2, . . . , l − 1, l, where Σ j, j is the entry in row j and column j of Σ , and ρ j is the jth greatest singular value
of R . We deﬁne Q to be the leftmost n × k block of U , and P to be the rightmost n × (l − k) block of U , so that
U = ( Q P ) . (18)
We deﬁne S to be the uppermost k × l block of ΣV T, and T to be the lowermost (l − k) × l block of ΣV T, so that
ΣV T =
(
S
T
)
. (19)
Combining (16), (17), (18), (19), and the fact that the columns of U are orthonormal, as are the columns of V ,
yields (15). 
Observation 3.6. In order to compute the matrices Q and S in (15) from the matrix R , we can construct (16), and then
form Q and S according to (18) and (19). (See, for example, Chapter 8 in [7] for details concerning the computation of the
SVD.)
3.2. Singular values of general matrices
The following trivial technical lemma will be needed in Section 4.
Lemma 3.7. Suppose that m and n are positive integers with m  n. Suppose further that A is a real m × n matrix such that ATA is
invertible.
Then,
∥∥(ATA)−1AT∥∥= 1
σn
, (20)
where σn is the least (that is, the nth greatest) singular value of A.
The following lemma provides what is known as the Courant–Fischer maximin characterization of singular values; The-
orem 8.1.2 in [7] provides an equivalent formulation of (21).
Lemma 3.8. Suppose that m and n are positive integers, and A is a real m × n matrix.
Then, the kth greatest singular value σk of A is given by the formula
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S⊆Rn: dim S=k
min
v∈S: ‖v‖=0
‖Av‖
‖v‖ (21)
for all k = 1,2, . . . ,min(m,n)−1,min(m,n), where the maximum is taken over all k-dimensional subspaces ofRn, and the minimum
is taken over all vectors in S that have nonzero norms.
The following lemma states that the singular values of the product GA of matrices G and A are at most ‖G‖ times
greater than the corresponding singular values of A.
Lemma 3.9. Suppose that l, m, and n are positive integers, A is a real m × n matrix, and G is a real l ×m matrix.
Then, the kth greatest singular value ρk of the product G A is at most a factor of ‖G‖ times the kth greatest singular value σk of A,
that is,
ρk  ‖G‖σk (22)
for all k = 1,2, . . . ,min(l,m,n) − 1,min(l,m,n).
Proof. For any vector v ∈Rn with ‖v‖ = 0,
‖GAv‖
‖v‖  ‖G‖
‖Av‖
‖v‖ . (23)
Combining (21) and (23) yields (22). 
The following lemma states that the greatest singular value of a matrix A is at least as large as the greatest singular
value of any rectangular block of entries in A; the lemma is a straightforward consequence of the minimax properties of
singular values (see, for example, Section 47 of Chapter 2 in [19]).
Lemma 3.10. Suppose that k, l, m, and n are positive integers with km and l n. Suppose further that A is a real m×n matrix, and
B is a k × l rectangular block of entries in A.
Then, the greatest singular value of B is at most the greatest singular value of A.
The following lemma states that the singular values of an (n − 1) × n block of rows of an n × n matrix A interlace the
singular values of A; Corollary 8.6.3 in [7] provides an equivalent formulation of (24).
Lemma 3.11. Suppose that n is a positive integer with n > 1, A is a real n × n matrix, and R is an (n − 1) × n rectangular block of
entries in A.
Then, the singular values σ1, σ2, . . . , σn−1, σn of A and the singular values ρ1,ρ2, . . . , ρn−2,ρn−1 of R satisfy the inequalities
σ1  ρ1  σ2  ρ2  · · · σn−2  ρn−2  σn−1  ρn−1  σn. (24)
The following lemma states that if the norm of the difference of two matrices is small, then their corresponding singular
values are close; Corollary 8.6.2 in [7] provides an equivalent formulation of (25).
Lemma 3.12. Suppose that m and n are positive integers, and A and R are real m × n matrices.
Then, the kth greatest singular value τk of the sum A + R and the kth greatest singular value σk of A differ by at most ‖R‖, that is,
|τk − σk| ‖R‖ (25)
for all k = 1,2, . . . ,min(m,n) − 1,min(m,n).
3.3. Singular values of random matrices
The following lemma provides a highly probable upper bound on the greatest singular value of a square matrix whose en-
tries are independent, identically distributed (i.i.d.) Gaussian random variables of zero mean and unit variance; Formula 8.8
in [6] provides an equivalent formulation of the lemma.
Lemma 3.13. Suppose that n is a positive integer, G is a real n × n matrix whose entries are i.i.d. Gaussian random variables of zero
mean and unit variance, and γ is a positive real number, such that γ > 1 and
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4(γ 2 − 1)√πnγ 2
(
2γ 2
eγ 2−1
)n
(26)
is nonnegative.
Then, the greatest singular value of G is at most
√
2nγ with probability not less than the amount in (26).
Combining Lemmas 3.10 and 3.13 yields the following lemma, providing a highly probable upper bound on the greatest
singular value of a rectangular matrix whose entries are i.i.d. Gaussian random variables of zero mean and unit variance.
Lemma 3.14. Suppose that l, m, and n are positive integers with n l and nm. Suppose further that G is a real l ×m matrix whose
entries are i.i.d. Gaussian random variables of zero mean and unit variance, and γ is a positive real number, such that γ > 1 and (26)
is nonnegative.
Then, the greatest singular value of G is at most
√
2nγ with probability not less than the amount in (26).
The following lemma provides a highly probable lower bound on the least singular value of a rectangular matrix whose
entries are i.i.d. Gaussian random variables of zero mean and unit variance; Formula 2.5 in [4] and the proof of Lemma 4.1
in [4] together provide an equivalent formulation of Lemma 3.15.
Lemma 3.15. Suppose that k and l are positive integers with k l. Suppose further that G is a real l × k matrix whose entries are i.i.d.
Gaussian random variables of zero mean and unit variance, and β is a positive real number, such that
1− 1√
2π(l − k + 1)
(
e
(l − k + 1)β
)l−k+1
(27)
is nonnegative.
Then, the least (that is, the kth greatest) singular value of G is at least 1/(
√
lβ) with probability not less than the amount in (27).
4. Mathematical apparatus
In this section, we describe the principal tools used in Section 5.
The following lemma states that the product BP of matrices B and P is a good approximation to a matrix A, provided
that there exists a matrix G such that
1. the columns of B constitute a subset of the columns of A,
2. ‖P‖ is not too large,
3. GBP is a good approximation to GA, and
4. there exists a matrix F such that ‖F‖ is not too large, and FG A is a good approximation to A.
Lemma 4.1. Suppose that k, l, m, and n are positive integers with k n. Suppose further that A is a real m×n matrix, B is a real m×k
matrix whose columns constitute a subset of the columns of A, P is a real k × n matrix, F is a real m × l matrix, and G is a real l ×m
matrix.
Then,
‖BP − A‖ ‖F G A − A‖(‖P‖ + 1)+ ‖F‖‖GBP − GA‖. (28)
Proof. We observe that
‖BP − A‖ ‖BP − F GBP‖ + ‖F GBP − F G A‖ + ‖F G A − A‖, (29)
‖BP − F GBP‖ ‖B − F GB‖‖P‖, (30)
and
‖F GBP − F G A‖ ‖F‖‖GBP − GA‖. (31)
Since the columns of B constitute a subset of the columns of A, it follows that the columns of B − FGB constitute a subset
of the columns of A − FG A, and therefore,
‖B − F GB‖ ‖A − F G A‖. (32)
Combining (29), (30), (31), and (32) yields (28). 
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GB constitute a subset of the columns of GA. Conversely, whenever a matrix S is formed by gathering distinct columns of
GA together into S , then clearly S = GB for some matrix B whose columns constitute a subset of the columns of A.
The following lemma states that the product AQ Q T of matrices A, Q , and Q T is a good approximation to a matrix A,
provided that there exist matrices G and S such that
1. the columns of Q are orthonormal,
2. Q S is a good approximation to (GA)T, and
3. there exists a matrix F such that ‖F‖ is not too large, and FG A is a good approximation to A.
Lemma 4.3. Suppose that k, l, m, and n are positive integers with k n. Suppose further that A is a real m×n matrix, Q is a real n×k
matrix whose columns are orthonormal, S is a real k × l matrix, F is a real m × l matrix, and G is a real l ×m matrix.
Then,
∥∥AQ Q T − A∥∥ 2‖F G A − A‖ + 2‖F‖∥∥Q S − (GA)T∥∥. (33)
Proof. The proof is straightforward, but tedious, as follows.
We obtain from the triangle inequality that
∥∥AQ Q T − A∥∥ ∥∥AQ Q T − F G AQ Q T∥∥+ ∥∥F G AQ Q T − F G A∥∥+ ‖F G A − A‖. (34)
First, we provide a bound for ‖AQ Q T − FG AQ Q T‖. Clearly,
∥∥AQ Q T − F G AQ Q T∥∥ ‖A − F G A‖‖Q ‖∥∥Q T∥∥. (35)
It follows from the fact that the columns of Q are orthonormal that
‖Q ‖ 1 (36)
and
∥∥Q T∥∥ 1. (37)
Combining (35), (36), and (37) yields
∥∥AQ Q T − F G AQ Q T∥∥ ‖A − F G A‖. (38)
Next, we provide a bound for ‖FG AQ Q T − FG A‖. Clearly,
∥∥F G AQ Q T − F G A∥∥ ‖F‖∥∥GAQ Q T − GA∥∥. (39)
It follows from the triangle inequality that
∥∥GAQ Q T − GA∥∥ ∥∥GAQ Q T − STQ TQ Q T∥∥+ ∥∥STQ TQ Q T − STQ T∥∥+ ∥∥STQ T − GA∥∥. (40)
Furthermore,
∥∥GAQ Q T − STQ TQ Q T∥∥ ∥∥GA − STQ T∥∥‖Q ‖∥∥Q T∥∥. (41)
Combining (41), (36), and (37) yields
∥∥GAQ Q T − STQ TQ Q T∥∥ ∥∥GA − STQ T∥∥. (42)
Also, it follows from the fact that the columns of Q are orthonormal that
Q TQ = 1. (43)
It follows from (43) that
∥∥STQ TQ Q T − STQ T∥∥= 0. (44)
Combining (40), (42), and (44) yields
∥∥GAQ Q T − GA∥∥ 2∥∥STQ T − GA∥∥. (45)
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∥∥F G AQ Q T − F G A∥∥ 2‖F‖∥∥STQ T − GA∥∥. (46)
Combining (34), (38), and (46) yields (33). 
The following lemma states that, for any matrix A, and matrix G whose entries are i.i.d. Gaussian random variables of
zero mean and unit variance, with very high probability there exists a matrix F with a reasonably small norm, such that
FG A is a good approximation to A.
Lemma 4.4. Suppose that k, l, m, and n are positive integers with k  l, such that l < m and l < n. Suppose further that A is a real
m×n matrix, G is a real l×m matrix whose entries are i.i.d. Gaussian random variables of zero mean and unit variance, and β and γ
are positive real numbers, such that γ > 1 and
1− 1√
2π(l − k + 1)
(
e
(l − k + 1)β
)l−k+1
− 1
4(γ 2 − 1)√πmγ 2
(
2γ 2
eγ 2−1
)m
(47)
is nonnegative.
Then, there exists a real m × l matrix F such that
‖F G A − A‖
√
2lmβ2γ 2 + 1σk+1 (48)
and
‖F‖√lβ (49)
with probability not less than the amount in (47), where σk+1 is the (k + 1)st greatest singular value of A.
Proof. We prove the existence of a matrix F satisfying (48) and (49) by constructing one.
We start by forming an SVD of A,
A = UΣV T, (50)
where U is a real unitary m ×m matrix, Σ is a real m × n matrix whose entries are nonnegative everywhere and zero off
of the main diagonal, and V is a real unitary n × n matrix, such that
Σi,i = σi (51)
for all i = 1,2, . . . ,min(m,n) − 1,min(m,n), where Σi,i is the entry in row i and column i of Σ , and σi is the ith greatest
singular value of A.
Next, we deﬁne auxiliary matrices H , R , and P . We deﬁne H to be the leftmost l × k block of the l ×m matrix GU , and
R to be the rightmost l × (m − k) block of GU , so that
GU = ( H R ) . (52)
Combining the fact that U is real and unitary, and the fact that the entries of G are i.i.d. Gaussian random variables of
zero mean and unit variance, we see that the entries of H are also i.i.d. Gaussian random variables of zero mean and unit
variance, as are the entries of R . We deﬁne H(−1) to be the real k × l matrix given by the formula
H (−1) = (HTH)−1HT. (53)
We deﬁne P to be the m × l matrix whose uppermost k × l block is H (−1) , and whose entries in the lowermost (m − k) × l
block are zero, so that
P =
(
H (−1)
0
)
. (54)
Finally, we deﬁne F to be the m × l matrix given by
F = U P = U
(
H (−1)
0
)
. (55)
Combining (53), (20), the fact that the entries of H are i.i.d. Gaussian random variables of zero mean and unit variance,
and Lemma 3.15 yields
∥∥H (−1)∥∥√lβ (56)
56 P.-G. Martinsson et al. / Appl. Comput. Harmon. Anal. 30 (2011) 47–68with probability not less than
1− 1√
2π(l − k + 1)
(
e
(l − k + 1)β
)l−k+1
. (57)
Combining (55), (56), and the fact that U is unitary yields (49).
We now show that F deﬁned in (55) satisﬁes (48).
We deﬁne S to be the leftmost uppermost k×k block of Σ , and T to be the rightmost lowermost (m−k)× (n−k) block
of Σ , so that
Σ =
(
S 0
0 T
)
. (58)
Combining (50), (52), and (55) yields
F G A − A = U
((
H (−1)
0
)(
H R
)− 1
)
ΣV T. (59)
Combining (53) and (58) yields((
H (−1)
0
)(
H R
)− 1
)
Σ =
(
0 H (−1)RT
0 −T
)
. (60)
Furthermore,
∥∥∥∥
(
0 H (−1)RT
0 −T
)∥∥∥∥
2

∥∥H (−1)RT∥∥2 + ‖T‖2. (61)
Moreover,
∥∥H (−1)RT∥∥ ∥∥H (−1)∥∥‖R‖‖T‖. (62)
Combining (58) and (51) yields
‖T‖ σk+1. (63)
Combining (59), (60), (61), (62), (63), and the fact that U and V are unitary yields
‖F G A − A‖
√∥∥H (−1)∥∥2‖R‖2 + 1σk+1. (64)
Combining Lemma 3.14 and the fact that the entries of R are i.i.d. Gaussian random variables of zero mean and unit
variance shows that
‖R‖√2mγ (65)
with probability not less than
1− 1
4(γ 2 − 1)√πmγ 2
(
2γ 2
eγ 2−1
)m
. (66)
Combining (64), (56), and (65) yields (48). 
The following lemma is very similar to Lemma 4.4. Lemma 4.5 is tighter than Lemma 4.4 when the singular values of
the matrix A decay suﬃciently fast, and the numbers j and l in the lemma are both much less than m.
Lemma 4.5. Suppose that j, k, l, m, and n are positive integers with k  l, such that k + j < m and k + j < n, as well as l < m and
l < n. Suppose further that A is a real m× n matrix, G is a real l ×m matrix whose entries are i.i.d. Gaussian random variables of zero
mean and unit variance, and β and γ are positive real numbers, such that γ > 1 and
Φ = 1− 1√
2π(l − k + 1)
(
e
(l − k + 1)β
)l−k+1
− 1
4(γ 2 − 1)√π max(m − k − j, l)γ 2
(
2γ 2
eγ 2−1
)max(m−k− j,l)
− 1
4(γ 2 − 1)√π max( j, l)γ 2
(
2γ 2
eγ 2−1
)max( j,l)
(67)
is nonnegative.
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‖F G A − A‖
√
2lmax( j, l)β2γ 2 + 1σk+1 +
√
2lmax(m − k − j, l)β2γ 2 + 1σk+ j+1 (68)
and
‖F‖√lβ (69)
with probability not less than the amount in (67), where σk+1 is the (k+1)st greatest singular value of A, and σk+ j+1 is the (k+ j+1)st
greatest singular value of A.
Proof. We prove the existence of a matrix F satisfying (68) and (69) by constructing one.
We start by forming an SVD of A,
A = UΣV T, (70)
where U is a real unitary m ×m matrix, Σ is a real m × n matrix whose entries are nonnegative everywhere and zero off
of the main diagonal, and V is a real unitary n × n matrix, such that
Σi,i = σi (71)
for all i = 1,2, . . . ,min(m,n) − 1,min(m,n), where Σi,i is the entry in row i and column i of Σ , and σi is the ith greatest
singular value of A.
Next, we deﬁne auxiliary matrices H , R , Γ , and P . We deﬁne H to be the leftmost l × k block of the l ×m matrix GU ,
R to be the l × j block of GU whose ﬁrst column is the (k + 1)st column of GU , and Γ to be the rightmost l × (m − j − k)
block of GU , so that
GU = ( H R Γ ) . (72)
Combining the fact that U is real and unitary, and the fact that the entries of G are i.i.d. Gaussian random variables of
zero mean and unit variance, we see that the entries of H are also i.i.d. Gaussian random variables of zero mean and unit
variance, as are the entries of R , and as are the entries of Γ . We deﬁne H (−1) to be the real k × l matrix given by the
formula
H (−1) = (HTH)−1HT. (73)
We deﬁne P to be the real m × l matrix whose uppermost k × l block is H (−1) , whose entries are zero in the j × l block
whose ﬁrst row is the (k + 1)st row of P , and whose entries in the lowermost (m − k − j) × l block are zero, so that
P =
⎛
⎝ H
(−1)
0
0
⎞
⎠ . (74)
Finally, we deﬁne F to be the m × l matrix given by
F = U P = U
⎛
⎝ H
(−1)
0
0
⎞
⎠ . (75)
Combining (73), (20), the fact that the entries of H are i.i.d. Gaussian random variables of zero mean and unit variance,
and Lemma 3.15 yields
∥∥H (−1)∥∥√lβ (76)
with probability not less than
1− 1√
2π(l − k + 1)
(
e
(l − k + 1)β
)l−k+1
. (77)
Combining (75), (76), and the fact that U is unitary yields (69).
We now show that F deﬁned in (75) satisﬁes (68).
We deﬁne S to be the leftmost uppermost k×k block of Σ , T to be the j× j block of Σ whose leftmost uppermost entry
is the entry in the (k+ 1)st row and (k+ 1)st column of Σ , and Θ to be the rightmost lowermost (m− k− j) × (n− k− j)
block of Σ , so that
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⎛
⎝ S 0 00 T 0
0 0 Θ
⎞
⎠ . (78)
Combining (70), (72), and (75) yields
F G A − A = U
⎛
⎝
⎛
⎝ H
(−1)
0
0
⎞
⎠( H R Γ )− 1
⎞
⎠ΣV T. (79)
Combining (73) and (78) yields⎛
⎝
⎛
⎝ H
(−1)
0
0
⎞
⎠( H R Γ )− 1
⎞
⎠Σ =
⎛
⎝ 0 H
(−1)RT H (−1)Γ Θ
0 −T 0
0 0 −Θ
⎞
⎠ . (80)
Furthermore,
∥∥∥∥∥∥
⎛
⎝ 0 H
(−1)RT H (−1)Γ Θ
0 −T 0
0 0 −Θ
⎞
⎠
∥∥∥∥∥∥
2

∥∥H (−1)RT∥∥2 + ∥∥H (−1)Γ Θ∥∥2 + ‖T‖2 + ‖Θ‖2. (81)
Moreover,
∥∥H (−1)RT∥∥ ∥∥H (−1)∥∥‖R‖‖T‖ (82)
and
∥∥H (−1)Γ Θ∥∥ ∥∥H (−1)∥∥‖Γ ‖‖Θ‖. (83)
Combining (78) and (71) yields
‖T‖ σk+1 (84)
and
‖Θ‖ σk+ j+1. (85)
Combining (79), (80), (81), (82), (83), (84), (85), and the fact that U and V are unitary yields
∥∥F G A − A∥∥2  (∥∥H (−1)∥∥2‖R‖2 + 1)(σk+1)2 + (∥∥H (−1)∥∥2‖Γ ‖2 + 1)(σk+ j+1)2. (86)
Combining Lemma 3.14 and the fact that the entries of R are i.i.d. Gaussian random variables of zero mean and unit
variance, as are the entries of Γ , yields
‖R‖√2max( j, l)γ (87)
and
‖Γ ‖√2max(m − k − j, l)γ , (88)
with probability not less than
1− 1
4(γ 2 − 1)√π max(m − k − j, l)γ 2
(
2γ 2
eγ 2−1
)max(m−k− j,l)
− 1
4(γ 2 − 1)√π max( j, l)γ 2
(
2γ 2
eγ 2−1
)max( j,l)
. (89)
Combining (86), (76), (87), and (88) shows that
‖F G A − A‖2  (2lmax( j, l)β2γ 2 + 1)(σk+1)2 + (2lmax(m − k − j, l)β2γ 2 + 1)(σk+ j+1)2 (90)
with probability not less than the amount in (67). Combining (90) and the fact that
√
x+ y √x+ √y (91)
for any nonnegative real numbers x and y yields (68). 
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variance, the following lemma provides a highly probable upper bound on the singular values of the product GA in terms
of the singular values of A; the lemma is most useful when the singular values of A decay suﬃciently fast, and the numbers
j and l in the lemma are both much less than m.
Lemma 4.6. Suppose that j, k, l, m, and n are positive integers with k < l, such that k + j <m and k + j < n. Suppose further that A
is a real m × n matrix, G is a real l ×m matrix whose entries are i.i.d. Gaussian random variables of zero mean and unit variance, and
γ is a positive real number, such that γ > 1 and
Ψ = 1− 1
4(γ 2 − 1)√π max(m − k − j, l)γ 2
(
2γ 2
eγ 2−1
)max(m−k− j,l)
− 1
4(γ 2 − 1)√π max(k + j, l)γ 2
(
2γ 2
eγ 2−1
)max(k+ j,l)
(92)
is nonnegative.
Then,
ρk+1 
√
2max(k + j, l)γ σk+1 +
√
2max(m − k − j, l)γ σk+ j+1 (93)
with probability not less thanΨ deﬁned in (92), where ρk+1 is the (k+1)st greatest singular value of G A, σk+1 is the (k+1)st greatest
singular value of A, and σk+ j+1 is the (k + j + 1)st greatest singular value of A.
Proof. We start by forming an SVD of A,
A = UΣV T, (94)
where U is a real unitary m ×m matrix, Σ is a real m × n matrix whose entries are nonnegative everywhere and zero off
of the main diagonal, and V is a real unitary n × n matrix, such that
Σi,i = σi (95)
for all i = 1,2, . . . ,min(m,n) − 1,min(m,n), where Σi,i is the entry in row i and column i of Σ , and σi is the ith greatest
singular value of A.
Combining (94) and the fact that V is unitary yields that GA has the same singular values as GUΣ .
Next, we deﬁne auxiliary matrices H and R . We deﬁne H to be the leftmost l × (k + j) block of the l ×m matrix GU ,
and R to be the rightmost l × (m − k − j) block of GU , so that
GU = ( H R ) . (96)
Combining the fact that U is real and unitary, and the fact that the entries of G are i.i.d. Gaussian random variables of
zero mean and unit variance, we see that the entries of H are also i.i.d. Gaussian random variables of zero mean and unit
variance, as are the entries of R .
Combining (96) and the fact that GA has the same singular values as GUΣ yields that GA has the same singular values
as
(
H 0
)
Σ + ( 0 R )Σ .
It follows from (95) that
∥∥( 0 R )Σ∥∥ ‖R‖σk+ j+1. (97)
Combining (25) and (97) yields
ρk+1  τk+1 + ‖R‖σk+ j+1, (98)
where ρk+1 is the (k + 1)st greatest singular value of
(
H 0
)
Σ + ( 0 R )Σ , and τk+1 is the (k + 1)st greatest singular
value of
(
H 0
)
Σ ; ρk+1 is also the (k + 1)st greatest singular value of GA, since GA has the same singular values as(
H 0
)
Σ + ( 0 R )Σ .
Furthermore,
∥∥( H 0 )∥∥ ‖H‖. (99)
Combining (22), (99), and (95) yields
τk+1  ‖H‖σk+1. (100)
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variance, as are the entries of R , shows that
‖H‖√2max(k + j, l)γ (101)
and
‖R‖√2max(m − k − j, l)γ (102)
with probability not less than the amount in (92).
Combining (98), (100), (101), and (102) yields (93). 
5. Detailed description of the algorithm
In this section, we describe the algorithm of the present paper. In Section 5.1, we discuss approximations to interpolative
decompositions. In Section 5.2, we discuss approximations to SVDs. In Section 5.3, we tabulate the computational costs of
various parts of the algorithm. In Section 5.4, we describe Table 1, providing numerical bounds on the probability that the
randomized algorithm fails to meet its accuracy estimates. We remind the reader that we denote the spectral norm of any
matrix A by ‖A‖.
5.1. Interpolative decomposition
Suppose that k, m, and n are positive integers with k <m and k < n, and A is a real m×n matrix. In this subsection, we
will collect together k appropriately chosen columns of A into a real m × k matrix B , and construct a real k × n matrix P ,
such that
‖P‖
√
4k(n − k) + 1 (103)
and
‖BP − A‖√klmnσk+1, (104)
where σk+1 is the (k + 1)st greatest singular value of A, and l is a user-speciﬁed integer with l > k, such that l < m and
l < n (for example, l = k + 20). To do so, we make the following three steps:
1. Using a random number generator, form a real l × m matrix G whose entries are i.i.d. Gaussian random variables of
zero mean and unit variance, and compute the l × n product matrix
R = GA. (105)
2. Using Observation 3.3, form a real l × k matrix S whose columns constitute a subset of the columns of R , and a real
k × n matrix P satisfying (103), such that
‖S P − R‖√4k(n − k) + 1ρk+1, (106)
where ρk+1 is the (k + 1)st greatest singular value of R .
3. Due to Step 2, the columns of S constitute a subset of the columns of R . In other words, there exists a ﬁnite sequence
i1, i2, . . . , ik−1, ik of integers such that, for any j = 1,2, . . . ,k−1,k, the jth column of S is the i jth column of R . Collect
the corresponding columns of A into a real m × k matrix B , so that, for any j = 1,2, . . . ,k − 1,k, the jth column of B
is the i jth column of A.
It is easy to see that the matrices B and P satisfy (103) and (104). Indeed, Step 2 above guarantees (103) by construction.
Moreover, combining (105) and Remark 4.2 yields
S = GB. (107)
Combining (106), (105), and (107) yields
‖GBP − GA‖√4k(n − k) + 1ρk+1, (108)
where ρk+1 is the (k + 1)st greatest singular value of R . Suppose that β and γ are positive real numbers such that γ > 1
and
χ = 1− 1√
2π(l − k + 1)
(
e
(l − k + 1)β
)l−k+1
− 1
2
√
2
(
2γ 2
eγ 2−1
)m
(109)2(γ − 1) πmγ
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‖BP − A‖ (
√
2lmβ2γ 2 + 1(√4k(n − k) + 1+ 1)+ βγ√2lm√4k(n − k) + 1)σk+1 (110)
with probability not less than χ deﬁned in (109), where σk+1 is the (k+ 1)st greatest singular value of A. The bound (110)
is a precise version of (104). For example, choosing β = 3/4, γ 2 = 5, and l = k + 20, and combining (110) and (109), we
obtain
‖BP − A‖ 10√k(k + 20)mnσk+1 (111)
with probability not less than 1− 10−17. Table 1 contains similar results obtained by taking other values for l−k, β , and γ .
Observation 5.1. When the singular values of A decay suﬃciently fast, and l is much less than m, the factors
√
2lmβ2γ 2 + 1
and
√
2lm in (110) are much larger than necessary. Indeed, suppose that j is a positive integer with k+ j <m and k+ j < n,
and β and γ are positive real numbers, such that γ > 1 and Φ+Ψ > 1, where Φ is deﬁned in (67), and Ψ is deﬁned in (92).
Then, combining (28), (68), (69), (103), (108), (93), and (105) yields
‖BP − A‖ ξσk+1 + ησk+ j+1 (112)
with probability not less than Φ + Ψ − 1, where Φ is deﬁned in (67), Ψ is deﬁned in (92), σk+1 is the (k + 1)st greatest
singular value of A, and σk+ j+1 is the (k + j + 1)st greatest singular value of A, and where
ξ =
√
2lmax( j, l)β2γ 2 + 1(√4k(n − k) + 1+ 1)+ βγ√2lmax(k + j, l)√4k(n − k) + 1 (113)
and
η =
√
2lmax(m − k − j, l)β2γ 2 + 1(√4k(n − k) + 1+ 1)+ βγ√2lmax(m − k − j, l)√4k(n − k) + 1. (114)
When j, k, and l are all much less than m, clearly ξ is much less than η. Moreover, if ησk+ j+1 is less than ξσk+1, then (112)
yields
‖BP − A‖ 2ξσk+1 (115)
with probability not less than Φ + Ψ − 1, where Φ is deﬁned in (67), Ψ is deﬁned in (92), σk+1 is the (k + 1)st greatest
singular value of A, and ξ is deﬁned in (113). Please note that the right-hand side of (115) is independent of m.
Remark 5.2. If we choose l = k in the algorithm of the present subsection (instead of choosing l > k), then we must re-
place (106) with the formula
‖S P − R‖ = 0. (116)
All other aspects of the algorithm stay the same in the case that l = k. In particular, (110) and (112) hold in the case that
l = k, too.
5.2. Singular value decomposition
Suppose that k, m, and n are positive integers with k <m and k < n, and A is a real m×n matrix. In this subsection, we
will construct an approximation to an SVD of A such that
∥∥UΣV T − A∥∥√lmσk+1, (117)
where U is a real m × k matrix whose columns are orthonormal, V is a real n × k matrix whose columns are orthonormal,
Σ is a diagonal real k × k matrix whose entries are all nonnegative, σk+1 is the (k + 1)st greatest singular value of A, and
l is a user-speciﬁed integer with l > k, such that l <m and l < n (for example, l = k + 20). To do so, we make the following
ﬁve steps:
1. Using a random number generator, form a real l × m matrix G whose entries are i.i.d. Gaussian random variables of
zero mean and unit variance, and compute the l × n product matrix
R = GA. (118)
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for which
∥∥Q S − RT∥∥ ρk+1, (119)
where ρk+1 is the (k + 1)st greatest singular value of R . (See Observation 3.6 for details concerning the construction of
such a matrix Q .)
3. Compute the m × k product matrix
T = AQ . (120)
4. Form an SVD of T ,
T = UΣW T, (121)
where U is a real m×k matrix whose columns are orthonormal, W is a real k×k matrix whose columns are orthonor-
mal, and Σ is a real k×k matrix whose entries are all nonnegative and zero off of the main diagonal. (See, for example,
Chapter 8 in [7] for details concerning the construction of such an SVD.)
5. Compute the n × k product matrix
V = Q W . (122)
It is easy to see that the matrices U , Σ , and V satisfy (117). Indeed, suppose that β and γ are positive real numbers
such that γ > 1 and χ deﬁned in (109) is nonnegative. Then, combining (33), (48), (49), (120), (121), (122), (119), (22),
(118), and Lemma 3.14 yields
∥∥UΣV T − A∥∥ (2
√
2lmβ2γ 2 + 1+ 2√2lmβγ )σk+1 (123)
with probability not less than χ deﬁned in (109), where σk+1 is the (k+ 1)st greatest singular value of A. The bound (123)
is a precise version of (117). For example, choosing β = 3/4, γ 2 = 5, and l = k + 20, and combining (123) and (109), we
obtain
∥∥UΣV T − A∥∥ 10√(k + 20)mσk+1 (124)
with probability not less than 1− 10−17. Table 1 contains similar results obtained by taking other values for l−k, β , and γ .
Observation 5.3. When the singular values of A decay suﬃciently fast, and l is much less than m, the factors
√
2lmβ2γ 2 + 1
and
√
2lm in (123) are much larger than necessary. Indeed, suppose that j is a positive integer with k+ j <m and k+ j < n,
and β and γ are positive real numbers, such that γ > 1 and Φ+Ψ > 1, where Φ is deﬁned in (67), and Ψ is deﬁned in (92).
Then, combining (33), (68), (69), (120), (121), (122), (119), (93), and (118) yields
∥∥UΣV T − A∥∥ ξσk+1 + ησk+ j+1 (125)
with probability not less than Φ + Ψ − 1, where Φ is deﬁned in (67), Ψ is deﬁned in (92), σk+1 is the (k + 1)st greatest
singular value of A, and σk+ j+1 is the (k + j + 1)st greatest singular value of A, and where
ξ = 2
√
2lmax( j, l)β2γ 2 + 1+ 2√2lmax(k + j, l)βγ (126)
and
η = 2
√
2lmax(m − k − j, l)β2γ 2 + 1+ 2√2lmax(m − k − j, l)βγ . (127)
When j, k, and l are all much less than m, clearly ξ is much less than η. Moreover, if ησk+ j+1 is less than ξσk+1, then (125)
yields
∥∥UΣV T − A∥∥ 2ξσk+1 (128)
with probability not less than Φ + Ψ − 1, where Φ is deﬁned in (67), Ψ is deﬁned in (92), σk+1 is the (k + 1)st greatest
singular value of A, and ξ is deﬁned in (126). Please note that the right-hand side of (128) is independent of m.
Remark 5.4. In a certain sense, the factor 10
√
(k + 20)m in (124) is not too large. Indeed, if k 80 and m 10,000,000,000,
then 10
√
(k + 20)mσk+1  107σk+1. In many practical circumstances, we can make 107σk+1 arbitrarily small by choosing k
appropriately.
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place (119) with the formula
∥∥Q S − RT∥∥= 0. (129)
All other aspects of the algorithm stay the same in the case that l = k. In particular, (123) and (125) hold in the case that
l = k, too.
5.3. CPU time requirements
In this subsection, we tabulate the numbers of ﬂoating-point operations required by the algorithms described in Sec-
tions 5.1 and 5.2, as applied once to a matrix A.
5.3.1. Interpolative decomposition
The algorithm of Section 5.1 incurs the following costs in order to compute an approximation to an interpolative decom-
position of A:
1. Forming R in (105) requires applying AT to l vectors.
2. Computing S and P in (106) or (116) costs O(lkn log(n)).
3. Forming B in (107) requires applying A to k vectors, where each vector has a single entry of 1 and n − 1 entries of 0.
Summing up the costs in Steps 1–3 above, we conclude that the algorithm of Section 5.1 costs
CID = k · CA + l · CAT +O
(
lkn log(n)
)
, (130)
where CA is the cost of applying A to a real n× 1 column vector, and CAT is the cost of applying AT to a real m× 1 column
vector.
5.3.2. Singular value decomposition
The algorithm of Section 5.2 incurs the following costs in order to compute an approximation to an SVD of A:
1. Forming R in (118) requires applying AT to l vectors.
2. Computing Q in (119) or (129) costs O(l2n).
3. Forming T in (120) requires applying A to k vectors.
4. Computing the SVD (121) of T costs O(k2m).
5. Forming V in (122) costs O(k2n).
Summing up the costs in Steps 1–5 above, we conclude that the algorithm of Section 5.2 costs
CSVD = k · CA + l · CAT +O
(
k2m + l2n), (131)
where CA is the cost of applying A to a real n× 1 column vector, and CAT is the cost of applying AT to a real m× 1 column
vector.
Remark 5.6. We observe that the algorithm of the present paper only requires applying A to k vectors and AT to l vectors;
it does not require explicit access to the individual entries of A. This consideration can be important when the entries of
A are not available explicitly, but instead A and AT are available solely in the form of procedures for their applications to
arbitrary vectors. Often such procedures for applying A and AT cost much less than the standard procedure for applying a
dense matrix to a vector.
Remark 5.7. Without any further analysis, we can observe that the cost in (130) of applying the algorithm of Section 5.1
to any m × n matrix A is in principle less than the O(kmn log(n)) cost of using the algorithm discussed in Observation 3.3
directly on A, provided that l is suﬃciently less than k log(n), and that both m and n are much greater than both k and l.
Remark 5.8. When “Q R” decompositions are used as in [5] to compute the matrices S and P in (106) and (116), the cost
of the algorithm of Section 5.1 is usually less than the cost of the algorithm of Section 5.2.
5.4. Description of Table 1
Tables 1.1–1.6 provide an upper bound Πl−k,β,γ on the probability that∥∥UΣV T − A∥∥> ζ√lmσk+1, (132)
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l − k β γ 2 ζ Πl−k,β,γ
0 10 3 102 .15E–00
0 88 4 103 .18E–01
0 790 5 104 .21E–02
0 6600 7 105 .18E–03
0 58000 9 106 .19E–04
l − k β γ 2 ζ Πl−k,β,γ
1 7.9 5 102 .85E–02
1 72 6 103 .11E–03
1 620 8 104 .15E–05
1 5500 10 105 .17E–07
1 53000 11 106 .19E–09
(1.1) (1.2)
l − k β γ 2 ζ Πl−k,β,γ
2 7.9 5 102 .37E–03
2 66 7 103 .61E–06
2 589 9 104 .85E–09
2 5300 11 105 .12E–11
2 51000 12 106 .14E–14
l − k β γ 2 ζ Πl−k,β,γ
2 1.02 3 10 .18E–00
4 0.88 4 10 .16E–01
8 0.88 4 10 .10E–04
16 0.79 5 10 .16E–12
32 0.72 6 10 .59E–32
(1.3) (1.4)
l − k β γ 2 ζ Πl−k,β,γ
0 10 3 100 .15E–00
1 7.9 5 100 .85E–02
2 7.9 5 100 .37E–03
4 7.2 6 100 .44E–06
8 6.6 7 100 .12E–12
16 6.6 7 100 .55E–28
32 6.2 8 100 .83E–63
l − k β γ 2 ζ Πl−k,β,γ
0 10 3 1000 .18E–01
1 72 6 1000 .11E–03
2 66 7 1000 .61E–06
4 62 8 1000 .93E–11
8 58 9 1000 .37E–21
16 55 10 1000 .73E–44
32 53 11 1000 .14E–93
(1.5) (1.6)
where U , Σ , and V are the matrices in the approximation to an SVD of the m × n matrix A in (123). In (132), k and l are
any positive integers with k l, such that l <m and l < n, σk+1 is the (k + 1)st greatest singular value of A, and ζ takes on
the values speciﬁed by the penultimate columns of the tables. The quantity Πl−k,β,γ is deﬁned by the formula
Πl−k,β,γ = 1√
2π(l − k + 1)
(
e
(l − k + 1)β
)l−k+1
+ 1
2(γ 2 − 1)√π(l − k + 2)γ 2
(
2γ 2
eγ 2−1
)l−k+2
. (133)
It follows from the fact that m > l > l − k that Πl−k,β,γ provides an upper bound on 1− χ deﬁned in (109). The quantities
l − k, β , and γ take on the values speciﬁed by the ﬁrst, second, and third columns of the tables. The quantity ζ is speciﬁed
by β and γ via (123). Please note that Πl−k,β,γ depends only on l − k, β , and γ , and provides an upper bound that is
otherwise independent of k, m, n, and A; (124) provides a similar bound. When the singular values of A decay suﬃciently
fast, and l is much less than m, the factor of
√
m in the right-hand side of (132) is larger than necessary; see Observation 5.3
above.
Remark 5.9. Due to (110), the quantity Πl−k,β,γ deﬁned in (133) also provides an upper bound on the probability that
‖BP − A‖ > ζ√klmnσk+1, (134)
where B and P are the matrices in the approximation to an interpolative decomposition of the m × n matrix A in (110).
6. Numerical results
In this section, we describe the results of ﬁve numerical tests of the algorithm of the present paper. Table 2 summarizes
the numerical output of the examples described in the present section.
Tables 2.1–2.5 display the results of applying the algorithm of the present paper to a real n×n matrix A, for the indicated
values of n. The matrix A is deﬁned at the end of the present section. The numbers k and l are those from Section 5; k is
the rank of the approximations to A, and l is the number of rows in the matrix G whose entries are i.i.d. Gaussian random
variables of zero mean and unit variance (the algorithm uses the product GA). The number tID is the time in seconds
required to compute the approximation to an interpolative decomposition. The number tSVD is the time in seconds required
to compute the approximation to an SVD of A. (Please note that our implementation is optimized for accuracy and for
analyzing the numerical properties of the algorithm, and is probably not very eﬃcient.) The number σk+1 is that from the
deﬁnition of A below; furthermore, σk+1 appears in the bounds (110) and (123) on the errors of the approximations. The
number δID is the norm of the difference between A and the approximation BP to an interpolative decomposition of A,
that is,
δID = ‖BP − A‖, (135)
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k l n tID tSVD σk+1 δID δSVD
10 10 102 .34E–03 .81E–03 .20E–15 .14E–13 .83E–14
10 10 103 .32E–02 .70E–02 .20E–15 .89E–14 .58E–14
10 10 104 .34E–01 .78E–01 .20E–15 .78E–14 .14E–13
10 10 105 .57E–00 .11E+01 .20E–15 .27E–13 .22E–13
10 10 106 .58E+01 .13E+02 .20E–15 .68E–13 .93E–13
(2.1)
k l n tID tSVD σk+1 δID δSVD
10 10 102 .31E–03 .87E–03 .10E–07 .42E–06 .28E–06
10 10 103 .31E–02 .71E–02 .10E–07 .38E–06 .27E–06
10 10 104 .34E–01 .78E–01 .10E–07 .22E–06 .18E–06
10 10 105 .55E–00 .11E+01 .10E–07 .83E–07 .73E–07
10 10 106 .56E+01 .12E+02 .10E–07 .15E–06 .14E–06
(2.2)
k l n tID tSVD σk+1 δID δSVD
30 30 105 .41E+01 .88E+01 .10E–08 .62E–07 .33E–07
30 31 105 .41E+01 .90E+01 .10E–08 .36E–07 .29E–07
30 32 105 .42E+01 .92E+01 .10E–08 .23E–07 .13E–07
30 34 105 .44E+01 .97E+01 .10E–08 .19E–07 .11E–07
30 38 105 .47E+01 .11E+02 .10E–08 .19E–07 .11E–07
30 46 105 .53E+01 .13E+02 .10E–08 .86E–08 .41E–08
(2.3)
k l n tID tSVD σk+1 δID δSVD
2 2 4 · 102 .13E–03 .28E–03 .10E–07 .12E–05 .17E–06
2 2 4 · 103 .13E–02 .28E–02 .10E–07 .43E–05 .12E–06
2 2 4 · 104 .13E–01 .29E–01 .10E–07 .10E–04 .26E–06
2 2 4 · 105 .16E–00 .36E–00 .10E–07 .28E–04 .98E–07
2 2 4 · 106 .16E+01 .35E+01 .10E–07 .93E–04 .39E–06
(2.4)
k l n tID tSVD σk+1 δID δSVD
10 10 102 .12E–03 .80E–03 .10E–06 .14E–05 .53E–06
10 10 103 .12E–02 .46E–02 .10E–06 .41E–05 .18E–05
10 10 104 .14E–01 .48E–01 .10E–06 .83E–05 .34E–05
10 10 105 .20E–00 .65E–00 .10E–06 .25E–04 .11E–04
10 10 106 .20E+01 .74E+01 .10E–06 .11E–03 .34E–04
(2.5)
where the matrices B and P are those from (110). The number δSVD is the norm of the difference between A and the
approximation UΣV T to an SVD of A, that is,
δSVD =
∥∥UΣV T − A∥∥, (136)
where the matrices U , Σ , and V are those from (123).
All numbers displayed in Table 2 are the maximum values obtained from three independent realizations of the random
variables involved.
The values of δID and δSVD displayed in Tables 2.2, 2.3, 2.4, and 2.5 are those obtained via the power method for esti-
mating the norm of a matrix, after the estimates stabilized to three signiﬁcant ﬁgures. The values of δID and δSVD displayed
in Table 2.1 are those obtained after 100 iterations of the power method. The estimates of δID and δSVD summarized in
Table 2.1 did not stabilize to three signiﬁcant ﬁgures after 100 (or any other number of) iterations, undoubtedly due to
round-off.
We performed all computations using IEEE standard double-precision variables, whose mantissas have approximately
one bit of precision less than 16 digits (so that the relative precision of the variables is approximately .2E–15). We ran all
computations on one core of a 1.86 GHz Intel Centrino Core Duo microprocessor with 2 MB of L2 cache and 1 GB of RAM.
We compiled the Fortran 77 code using the Lahey/Fujitsu Linux Express v6.2 compiler, with the optimization ﬂag --o2
enabled.
In our implementation, we computed SVDs using 2-sided plane (Jacobi/Givens) rotations (see, for example, Chapter 8
in [7]). We used an algorithm based upon pivoted “Q R” decompositions to compute the matrices S and P in (106) and (116)
(see, for example, Chapter 5 in [7] for a description of “Q R” decompositions, and [5] for further details regarding our
particular implementation). Please note that because we used the algorithm of [5] to compute the matrices S and P in (106)
and (116), the cost of computing the interpolative decomposition was of the same order as the cost of computing the SVD,
as mentioned in Remark 5.8.
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In Examples 1, 2, and 3, we use a pseudorandom number generator to construct real n× 1 vectors μ1,μ2, . . . ,μ j−1,μ j ,
and ν1, ν2, . . . , ν j−1, ν j , such that their entries are a realization of i.i.d. Gaussian random variables of zero mean and unit
variance, with j = 20 in Examples 1 and 2, and j = 60 in Example 3. We orthonormalize μ1,μ2, . . . ,μ j−1,μ j via the
Gram–Schmidt process with reorthogonalization (see, for example, [2]) to obtain real n × 1 vectors u1,u2, . . . ,u j−1,u j , and
do the same with ν1, ν2, . . . , ν j−1, ν j to obtain real n × 1 vectors v1, v2, . . . , v j−1, v j . We denote by σ1, σ2, . . . , σ j−1, σ j
the positive real numbers displayed in Fig. 1 (we use the numbers in Fig. 1.1 for Example 1, the numbers in Fig. 1.2 for
Example 2, and those in Fig. 1.3 for Example 3). We deﬁne A to be the n × n matrix given by the formula
A =
j∑
i=1
uiσi
(
vi
)T
. (137)
Clearly, the rank of A is j. Since u1,u2, . . . ,u j−1,u j are orthonormal, as are v1, v2, . . . , v j−1, v j , the ith singular value of A
is σi , for all i = 1,2, . . . , j−1, j. Table 2 displays the results of applying the algorithm of the present paper to A, for various
values of n (Table 2.1 displays the results for Example 1, Table 2.2 displays the results for Example 2, and Table 2.3 displays
those for Example 3).
Example 4 is designed to illustrate that factors of the order of
√
4k(n − k) + 1 are necessary in bounds such as (110)
and (112). This example is identical to Examples 1, 2, and 3, using the same matrix A deﬁned in (137), but with n assumed
to be divisible by 8, with j = 4, and using the numbers σ1, σ2, σ3, and σ4 displayed in Fig. 1.4 (σ1 = 1, σ2 = 1, σ3 = .1E–7,
and σ4 = .1E–7), and with the following vectors u1, u2, u3, u4, and v1, v2, v3, v4:
(
u1
)T = 1√
n
( 1 1 . . . 1 1 ), (138)
(
u2
)T = 1√
n
( 1 −1 1 −1 . . . 1 −1 1 −1 ), (139)
(
u3
)T = 1√
n
( 1 1 −1 −1 1 1 −1 −1 . . . 1 1 −1 −1 1 1 −1 −1 ), (140)
(
u4
)T = 1√
n
( 1 1 1 1 −1 −1 −1 −1 . . . 1 1 1 1 −1 −1 −1 −1 ), (141)
(
v1
)T = 1√
n − 1 ( 1 1 . . . 1 1 1 0 ), (142)(
v2
)T = ( 0 0 . . . 0 0 0 1 ), (143)
P.-G. Martinsson et al. / Appl. Comput. Harmon. Anal. 30 (2011) 47–68 67(
v3
)T = 1√
n − 2 ( 1 −1 1 −1 . . . 1 −1 1 −1 0 0 ), (144)(
v4
)T = 1√
2
( 1 0 −1 0 0 0 . . . 0 0 ), (145)
that is,
1. a. every entry of u1 is 1/
√
n,
b. entries 1,2, . . . ,n − 2,n − 1 of v1 are 1/√n − 1, and entry n of v1 is 0,
2. a. every even entry of u2 is −1/√n, and every odd entry of u2 is 1/√n,
b. entries 1,2, . . . ,n − 2,n − 1 of v2 are 0, and entry n of v2 is 1,
3. a. the ﬁrst pair of entries of u3 is 1/
√
n, the second pair of entries is −1/√n, the third pair of entries is 1/√n, the
fourth pair of entries is −1/√n, and so on (with each successive pair of entries alternating sign),
b. every even entry of v3 except for entry n is −1/√n − 2, every odd entry of v3 except for entry n − 1 is 1/√n − 2,
and entries n − 1 and n of v3 are 0,
4. a. the ﬁrst quadruplet of entries of u4 is 1/
√
n, the second quadruplet of entries is −1/√n, the third quadruplet of
entries is 1/
√
n, the fourth quadruplet of entries is −1/√n, and so on (with each successive quadruplet of entries
alternating sign), and
b. entry 1 of v4 is 1/
√
2, entry 2 of v4 is 0, entry 3 is −1/√2, and entries 4,5, . . . ,n − 1,n are 0.
For this example (Example 4),
u1σ1
(
v1
)T + u2σ2(v2)T = 1√
n(n − 1)
⎛
⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
1 1 · · · 1 1 √n − 1
1 1 · · · 1 1 −√n − 1
1 1 · · · 1 1 √n − 1
1 1 · · · 1 1 −√n − 1
...
...
...
...
...
...
...
...
1 1 · · · 1 1 √n − 1
1 1 · · · 1 1 −√n − 1
⎞
⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠
. (146)
Clearly, u1, u2, u3, and u4 are orthonormal, as are v1, v2, v3, and v4. Therefore, the ith singular value of A is σi , for all
i = 1, 2, 3, 4. Table 2.4 displays the results of applying the algorithm of the present paper to A, for various values of n.
Example 5 is designed to illustrate that factors of the order of
√
m are necessary in bounds such as (110) and (123). In
this example, we deﬁne A to be the n × n matrix given by the formula
A = uvT + σ1, (147)
where σ = .1E–6, and u and v are the real n × 1 column vectors given by the formulae
uT = ( 1 0 0 . . . 0 0 ) (148)
and
vT = 1√
n
( 1 1 . . . 1 1 ). (149)
It follows from (24) that the kth greatest singular value σk of A is equal to .1E–6 for k = 2,3, . . . ,n − 2,n − 1. Table 2.5
displays the results of applying the algorithm of the present paper to A, for various values of n.
Remark 6.1. All numerical data that we have examined — including the data displayed in Table 2, as well as the data
from further experiments — appear to satisfy the bounds (110), (112), (123), and (125). The loss of precision displayed
in Table 2.1 as n increases is probably largely due to round-off (compare Table 2.2), whereas the loss of precision in δID
displayed in Table 2.4 as n increases suggests that any bounds such as (110) and (112) must contain factors of the order of√
4k(n − k) + 1. The loss of precision displayed in Table 2.5 as n increases suggests that any bounds such as (110) and (123)
must contain factors of the order of
√
m. In contrast, in many practical situations the bounds mentioned in Observations 5.1
and 5.3 are effectively independent of m.
7. Conclusions
We have presented a randomized algorithm for the computation of an approximation to an interpolative decomposition
and to an SVD of a matrix A for which A and AT can be applied rapidly to arbitrary vectors. Given any positive integer k, the
algorithm constructs a rank-k approximation whose accuracy measured in the spectral norm is of roughly the same order as
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is typical), and operates reliably independently of the structure of A (unlike the classical Lanczos and power methods
for computing an approximation to A). Indeed, for most interesting parameter settings, failure of the algorithm is too
improbable to detect — running the algorithm the 1017 times usually required for failure is not really reasonable.
If the matrix A to be approximated has no degenerate or nearly degenerate singular values, then the number of times
our scheme applies the matrices A and AT to vectors is similar to (though often somewhat less than) the number of times
required by the classical Lanczos method (for a description of the Lanczos method, see, for example, Chapter 9 in [7]).
In the presence of degenerate singular values, the algorithm of the present paper tends to be more eﬃcient for the low-
rank approximation of matrices, even when compared to the block Lanczos method (for a description of the block Lanczos
method, see, for example, Section 9.2.6 in [7]). Furthermore, in the parallel computing environment, the Lanczos method
has well-known diﬃculties because it is iterative; our approach should not encounter such diﬃculties.
We are investigating several straightforward extensions of the scheme, and will report on these at a later date:
1. In the present article, the rank k of the approximation to be constructed and the number l of test vectors are ﬁxed. In
practice, we would like to adjust k and l during the course of the algorithm in order to guarantee that the approximation
attains a prescribed accuracy, preferably using as small a number l as possible.
2. The present article constructs approximations to interpolative decompositions and to singular value decompositions. We
have constructed a similar algorithm for approximating the Schur decomposition (see, for example, Theorem 7.1.3 in [7]
for a description of the Schur decomposition).
3. When the matrix to be approximated is self-adjoint and nonnegative deﬁnite, Step 3 of the algorithm of Section 5.2 is
unnecessary and may be replaced with less expensive manipulations.
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